The emerging and booming of electric vehicles (EVs) and energy storages (ESs) endow power systems extra flexibility thanks to their ES capability. The charging and discharging activities of these facilities can be dispersed to perform demand response and benefit power grid operations. However, synchronous discharging from massive EVs and ESs may impose a huge power supply impact to potentially reshape the existing power markets. Unfortunately, this impact is always ignored by traditional research. To address the above-mentioned issues, discharging power from EVs and ESs is regarded as a kind of commodity in this paper. On such a basis, a pricing policy, where prices for discharging power poured into the power market and the user-side loads are regulated, is applied. The regulation strategy simultaneously incorporates the considerations of the system load condition, maximum power limit, aggregated discharging power from both the EVs and the ESs, as well as the user-side load in a fair manner. Besides, the battery degradation of EVs and EVs has also been considered. Furthermore, the price regulation obeys a hierarchical optimization procedure in which the operator acts as the leader to maximize its revenue, while the end appliances act as followers individually balancing their cost bill and comfort level. Also, the pricing policy is tested on a two-stage hierarchical market with a Genetic Algorithm-based hybrid algorithm. The outcome demonstrates that a prominent performance can be achieved in load shaping and economic benefit via the policy.
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P D2G
Discharging power. P UL User load. P BA,t Load of background appliance. e BA,t Nominal power of background appliance. T BA Working period of background appliance. U (P BA ) Utility function of background appliance. Soc EV ,t end EV SOC value at its plugging-out time. Soc EV ,t start EV SOC value at its plugging-in time. Soc EV ,t EV SOC value at time t. Soc EV ,min Utility function of EV. Soc ES,t end ES SOC value at the end of time window. Soc ES,t start ES SOC value at the start of time window. Soc ES,t ES SOC value at time t. Soc ES,min Minimum allowed ES SOC value. Soc ES,max Maximum User objective function. C t (P total,t )
Purchasing cost function. B(ϑ D2G , ϑ UL ) Profit of the utility company. R(ϑ D2G , ϑ UL ) Revenue of the utility company. C(ϑ D2G , ϑ UL ) Purchasing cost of the utility company.
I. INTRODUCTION
Electric vehicles (EVs) and energy storage (ESs) are innovative components in power systems which have been received considerable interests and studies in recent years. Equipped with batteries, EVs can perform charging and discharging with vehicle-to-grid (V2G) technology [1] , enabling EVs to store energy when power supply from the generation side is abundant whereas delivering power to power grids at timeslots with high load or in power shortage. EVs are also known as 'moving energy banks' and their movement from one charging place to another can potentially improve their capability in serving power networks [2] . Meanwhile, acting as distributed storage devices, ESs can also achieve benefits similar to EVs in daily load regulations and additionally, can be operated the whole day to procure profit varying from EVs [3] , [4] . Besides, both EVs and ESs can support faster response as compared to traditional generation assets [5] .
Thanks to the above distinct features, EVs and ESs are expected to become essential and important elements in the implementation of smart grids [1] , [6] . Specifically, they are ideal components to perform demand response which has been received numerous attentions. Demand response refers to power dispatch optimization relying on time pattern and energy demand modifications of user-side appliances through advanced control or encouraging mechanisms [7] . With regard to the management for EVs and ESs, current emerging literatures can be broadly divided into two directions: one is direct load control while another one is depended by price variations. The first class of approach presupposes the privilege of direct manipulation over the end user consumption. Dispatchable functionalities of EVs and ESs in reshaping the daily load profile, compensating the increasing intermittent renewable energy resources, assisting voltage and frequency regulation, etc., have been extensively reported [8] - [12] . This thread of strategy provides certain flexibility to improve the operation of power networks, however, it violates somewhat the preferences of consumers to manage their energy consumptions. As an alternative, price-based strategies are proposed to regulate EVs and ESs via economic incentives where consumers can be arranged to naturally schedule their consumptions. Many control schemes constrained by TOU (Time of use) price or forecasted retail prices dispatch EVs and ESs to cut down user expenses and simultaneously to improve the services & economics of power systems [13] - [15] . Nevertheless, such strategies assume the price signals to be inelastic thus failing to capture the load impacts of integrated EVs and ESs on price variations. On the contrary, several works have been proposed on pricing-related scheduling mechanisms to regulate the load patterns of EVs and ESs. Similar examples can be found in [16] - [18] , where influences of the charging and discharging behaviors from the introduced EVs and ESs have been considered into dynamically updated prices.
With the ongoing demand for intelligentized power grids and increasing environmental concerns, EVs and ESs will be continuously increased and reached to a significant amount [19] . This would invisibly reshape the daily load profile, and hence pricing involved demand response schemes tend to be more reasonable. Conventionally, the discharging energy injected into power systems are regulated in accordance with the daily power load tariffs. However, if discharging simultaneously, massive EVs combined with ESs actually could provide abundant power supply to the whole system. This will generate a huge energy supply effect on power grids, which may potentially affect and change the paradigm and mechanism of current power markets [20] , [21] . For instance, UK has launched the trial ''My Electric Avenue'' project to utilize EVs for demand response and the PJM market has already released regulation rules for the participation of ESs [22] , [23] .
For the participation of unneglectable discharging activity, it is noticed that a price gap may occur between the regular load and the discharging power as from the perspective of load and regional diversity [18] , [24] . With such consideration, the discharging power can be treated as a kind of commodity differentiated from the power supply provided to the market load. Especially, to address the issue of discharging power, some pricing strategies in more elastic trading models in which energy selling and buying prices are respectively optimized have already been designed and reported. In [17] , a relationship has been built between the charging and discharging price tuples to coordinate EVs in providing frequency regulation service, yet the economic condition of the aggregator has not been discussed. In [18] , proper coalition among EV users is advocated and formulations for charging and discharging price tariffs are proposed as well. However, the criteria for the critical price points are a bit complex. In [25] , a regulation policy for EV discharging price, which comprehensively considering the system load, system power limit and the market price for user load to regulate EV charging/discharging behaviors, has been proposed. Unfortunately, most of the above studies ignore the participation of ES. Since ES presents more potential in delivering discharging power service, it is more beneficial to holistically consider both ESs and EVs for power markets.
Different with the existing studies, this paper treats the discharging power energy from EVs and ESs as a special kind of commodity for trading in the power market. Consequently, the price for discharging power poured into the power market is regulated distinctly with the price of the user-side load. The price formulations incorporating considerations of the system load condition, maximum power limit, aggregated discharging power and user load are extended from [25] , and significantly, the factor of ESs is integrated and simulated as well. FIGURE 1. Main differences between EVs and ESs ('Profit oriented' means that ES is optimized to maximize its energy profit; 'Demand-and-cost balanced' refers to that EV is operated considering the balance of energy cost and user's charging expectation).
In [25] , only the regulation of EVs is considered. However, as well-known, EVs and ESs are two totally different components, whose main differences are displayed in Fig. 1 . Detailly speaking, the main differences between EVs and ESs can be summarized as follows: 1) ES can be operated the whole day; 2) the operation of ESs is profit oriented, while EVs should take users' charging expectation into account; 3) the rated power of ES and EV are different, according to [27] and [39] , the rated power of an ES is normally higher than an EV. Therefore, it is meaningful to investigate the participation of both EVs and ESs, which is relatively lack of studies in the area of power market and demand response. This is the motivation of this paper. In addition to the inclusion of ESs, the issue of battery degradation which can affect the activities of EVs and ESs has also been considered in this paper. As a result, compared to [25] , the work in this paper is a more comprehensive study with the idea of trading discharging power from both EVs and ESs as commodity.
In addition, the pricing strategy proposed in this paper is primarily designed for the company-side. Also, the benefits of the stakeholders are respectively considered. In essence, the operator in this paper is set to maximize its revenue while the load-side appliances try to balance respectively their individual cost bill and preference. To simulate the interaction between the operator and the dispatchable components, a hierarchical optimization procedure is adopted. The proposed hierarchically optimized pricing strategy wherein the discharging power price is separately regulated is herein abbreviated as HOPDS for easier description. A two-level GA (genetic algorithm)-based hybrid algorithm is then adopted to solve the problem accordingly.
The main contributions of this paper are summarized as follows:
a) Instead of addressing merely on EVs or ESs, these two kinds of components are both considered in this study as a whole. In addition, the discharging power released from EVs and ESs is traded as special commodity within the power market. b) The price of providing discharging power service from EVs/ESs to the main grid and the price of the market load are separately regulated, with a well-designed & fair pricing strategy proposed. c) The issue of battery degradation has also been considered to gain more understandings on the properties of the proposed policy. d) To evaluate the proposed method, a two-level hierarchical market model evolved from practical power systems is tested. Besides, to solve out the optimization problem, a two-level GA co-evolved iteratively to approach the optimal solutions is implemented. The rest parts of this paper are organized as follows: Section III describes the smart market system and mathematical modeling for the foundation of the pricing scheme, which includes aspects of the stakeholders, the operation of the appliances and the issue of battery degradation. Section IV introduces and discusses the hierarchical optimization process, the designed pricing mechanism and solving approach for the optimization. Section V illustrates the verification results. Finally, Section VI summarizes this paper and also discusses its future directions.
II. POWER MARKET MODEL WITH EVs and ESs CONSIDERING BATTERY DEGRADATION
In this section, the basic market model involving different stakeholders is presented. The underlying power market is a simplified wholesale power market and consists of the participation of EVs, ESs, basic loads, and power utility company (i.e., the power load operator), as illustrated in Fig. 2 .
Considering energy users normally focus on their own interest, EVs and ESs are supposed to participate in the market individually. The trading market is in a two-stage interactive hierarchical structure where the power utility company plays the role as an intermediate agent, purchasing energy from the power wholesale market while selling power to serve the load side. The power company also acts as a public power utility and regulatory authority to manage and optimize the power grid operation. In addition, without loss of fairness, price tuples for the load-side participants are the same.
In practice, it is anticipated that the power generation in a power network always matches its power load. With advanced metering infrastructures and bidirectional communications, the power supply side and the demand side can interact with each other. The prices enacted by the power company can affect the determination of power demand by users. Meanwhile, the demand changes at the load side also affect the decision of the company to adjust its power supply, which further promotes the company to regulate the price vectors. Hence, there are sequential interactions between the power company and the end users. To simulate such interactions in the market model, a two-level hierarchical optimization process will be proposed and utilized in the next section. However, before moving to the next section, this section will discuss the power market model with consideration of EVs, ESs and the battery degradation first.
A. LOAD-SIDE MODEL
The participants of the load side characterize the respective power consumptions based on the enacted prices released by the power utility company. Since this paper is dedicated to regulate the discharging power price within the power market, the main components at the load side in this paper contain EVs, ESs and the basic load. Both EVs and ESs support power discharging to the power operator side, and such a special source of power is treated as a kind of power commodity to be priced. As a result, there are two price tuples to be tuned, i.e., the discharging power purchasing price ϑ D2G and user load selling price ϑ UL . In addition, it is assumed that EVs and ESs are automatically controlled through smart control units. Besides, the power consumptions of EVs and ESs are time-dependently associated with their tasks, and hence their load patterns are independently evaluated via respective utility functions.
1) Basic load Basic load refers to the background power consumed by the end users that are managed by the power company. The basic power consumption of this kind is insensitive to price variations and gives no elasticity in demand response. Consequently, its utility function is only related to energy cost, and such a feature can be mathematically expressed as:
2) Electric vehicle It is known that EV can be operated to perform charging and discharging activities, which are denoted as G2V (gridto-vehicle) and V2G respectively. The charging and discharging operation of an EV are constrained by its parking period, rated capacity and battery technical limitations. The above feature can be expressed as [24] , [25] :
where the equations (3-1) to refer to the constraints for EV charging timeslots, EV SOC (state of charge) value, and EV charging statuses; while the formula (3) (4) gives the calculation for EV SOC value at time t.
As for EV's utility function, the EV charging cost and the final SOC status should be simultaneously assessed. The charging degradation is also considered with an extra penalty function to the charging/discharging cycles [26] . These different considerations are correlated with penalty coefficients as follows:
As shown in (4), the optimization objective consists of three parts: EV's economic cost, the deviation from its expected SOC and battery degradation.
3) Energy storage With battery banks, ES can be operated for both G2E (gridto-energy storage) and E2G (energy storage-to-grid) modes. The constraints of an ES are similar to an EV except that ES can be operated the whole day to generate economic profit through controlling its charging and discharging behaviors. In addition, the final SOC of an ES is supposed to be similar as its initial SOC after a-day cycle [27] . The technical limitations for the SOC considerations of ES consist of: where the equations (5-1) to refer to the constraints for ES charging timeslots, ES SOC's value, and ES charging statuses, respectively. The formula gives the calculation for ES SOC value at time t.
Meanwhile, the objective function of ES is set to consider the profit and battery degradation as follows:
penalty to battery degradation (6)
B. COMPANY-SIDE MODEL
The company purchases energy from the generation side thereafter supplying power to the load side. The objective goal of the company side in this paper is to maximize its revenue from such operation by tuning the price vectors ϑ D2G and ϑ UL . For energy purchasing, its general quadratic function, which commonly formulated to emulate the power generation cost, is adopted as [28] , [30] :
where a c , b c and c c are respective coefficients of the quadratic function whilst a c > 0, b c ≥ 0 and c c ≥ 0 [28] . Meanwhile, it is assumed that P total,t > 0 holds for all the time (cf. [28] , [29] , in most cases, since user load cannot be completely compensated by discharging power from EV and ES, a power company should consider the generation/grid side to procure energy).
As aforementioned before, the optimization goal is to maximize the company's profit, which can be obtained through the revenue from the load side subtracting the energy purchasing cost. For clear elaboration, the relationship between the benefit of different stakeholders and price signals is presented in Fig. 3 . The profit of the power company is calculated below:
where P T UL,t and P T D2G,t denote the aggregated user side load and discharging power at timeslot t respectively: 
III. HIERARCHICAL OPTIMIZATION AND PRICING STRATEGY A. THE HIERARCHICAL OPTIMIZATION PROCEDURE
To capture the interaction between the power company and the end side appliances, a two-level hierarchical optimization process, wherein the power company acts as the leader and the load side appliances play for the non-cooperative followers, is utilized. In the interaction process, based on the power purchasing cost from the generation side and the power demand of the load side, the leader is responsible to optimize its load selling price ϑ UL and discharging power buying price ϑ D2G . Each appliance then responses for the price vectors and submits its optimized power demand to the leader. After that, the leader updates its strategy and spreads the price signals to the appliances again. The above procedure is repeated until the satisfying outcome is reached. In more detail, the two-level optimization process can be summarized as follows:
Step 1: The power company initializes the pairwise price vector [ϑ D2G , ϑ UL ] and announces it to the load side.
Step 2: Appliances optimize and select the optimal power consumptions in response to the strategy of the power company. Then each EV or ES informs the optimal power values of charging and discharging to the leader.
Step 3: According to the obtained power demands from the load side, the power company optimizes the price vectors [ϑ D2G , ϑ UL ] to maximize its profit and then informs its optimal strategy to the appliances.
Step 4:
Step 2 and step 3 are repeated until the desired outcome is reached.
B. PRICING STRATEGY
The optimized price vectors for the power company include: 1) selling price ϑ UL to the load; 2) buying price ϑ D2G of power discharging service. 1) Pricing of ϑ UL,t The selling price ϑ UL is set to the power load to procure profit. According to the market model in Fig. 2 , the power load is the sum of the basic load, EV and ES charging load. It is acknowledged that marginal cost pricing can track load changes into price variations and benefit social welfare economics [30] as well. Therefore, the following function of marginal cost pricing is considered for ϑ UL,t at each timeslot:
where a c and b c have been given in (7) .
2) Regulation for ϑ D2G,t
The discharging power buying price ϑ D2G is employed to regulate the behavior of V2G and E2G. ϑ D2G can be raised to motivate EV or ES to perform discharging when the power demand is severe, or otherwise be reduced during periods with low load. Therefore, the system load condition is significant in determining the value of ϑ D2G . Besides, the overall aggregated discharging power should also be evaluated in case of simultaneous discharging. In the modeling for ϑ D2G , the considerations of the system load condition, maximum power limit, aggregated discharging power from EVs and ESs, and user load are incorporated. The formulation of ϑ D2G extended from [25] is introduced below.
The buying price at each timeslot ϑ D2G,t is correlated with the selling price ϑ UL,t through two correlation coefficients: ρ t load for evaluating the system load condition and ρt D2G,L for overall discharging power. Their relationship is given as:
The value of ρt load is determined by the total power load and the system power limit with an associated award parameter ξ :
where P L,max denotes the maximum system power limit, either determined by transmission line or transformer/ generation capacity. It can be observed that a higher PT UL,t would contribute to a higher ρt load, which eventually increase ϑ D2G,t . As for ρt D2G,L, its value is identified by the total power load and discharging power within the system. It is regulated as:
where L D2G,best denotes a threshold to control the total discharging power, and β t represents the discharging power strength which is relative to the total power load:
According to (15) , if β t ≥ L D2G,best , then ρ t D2G,L ≥ 1 and ϑ D2G will be incentivized; otherwise if β t < L D2G,best , the buying price is low and thus power discharging service changes to be unattractive.
C. SOLVING APPROACH
In the power market model, each EV or ES is characterized with individual constraints and objective. Involved by the scheduling for EVs and ESs, the pricing-based demand response is challenged due to its NP-hard (nondeterministic polynomial hard) property [31] . It is difficult to work out the optimized prices directly through conventional mathematical techniques. As an alternative, heuristic methods can be utilized to reach optima-supporting prices during the iteration procedure. In the evolving process, the negotiation between the operator and user side iterates are eventually converged until the power company has no force to adjust its strategy.
In this work, a GA-based heuristic mechanism with two control levels is employed and implemented, as shown in Fig. 4 . The aim of the algorithm is to work out the optimal pairwise price signals [ϑ D2G , ϑ UL ] for the company side to maximize its profit. The architecture contains: the top level for price training and the bottom level for load-side appliance commitment. The proposed algorithm starts with a population arbitrarily initializing the price vectors. At the top level, GA operates to train and evolve the price vectors to the optima due to its searching ability and adaptiveness for nonlinear optimization problems. Upon receiving the price vectors, the bottom level is responsible to optimize the scheduling for EVs and ESs. For an individual EV or ES model built in Section III.A, two Boolean state vectors will be respectively attributed as control variables to EV/ES charging and discharging status. The scheduling of each EV/ES will be solved as a single power management optimization problem. Then the obtained aggregated power for each pairwise price vector would be utilized for price training, i.e., the GA process at the top level.
In summary, the top level and bottom level co-evolve iteratively through selection, mutation, and crossover operations. Via such a search process, the optimal solutions will be approached with improvement of the individual fitness.
IV. CASE STUDY AND SIMULATION RESULTS

A. BASIC PARAMETERS
Simulation scenarios and results are given in this section to assess the effectiveness of the pricing strategy. A residential load where EV charging typically happens during night time with ES participation is studied. The basic background load profile is scaled from [32] on a typical day. The time horizon explored lasts 24 hours from 8:00AM to 8:00AM of the next day, with one-hour per time interval. For demonstration purpose, the capacity and nominal charging power for EVs and ESs are assumed to be respectively unified. The charging start time, end time, initial SOC, etc. for EVs are randomly generated within certain range [24] , [33] . The parameters for ESs refer to the typical household batteries, e.g., Tesla Powerwall 2 [34] . Finally, the related parameter settings for EV, ES, and the simulation case are displayed in Table 1, Table 2 and Table 3 , respectively [24] , [32] - [34] .
In order to verify the effectiveness of the trading mode and the pricing mechanism, two typical pricing policies with no differentiation for charging power price (i.e., the selling price ϑ UL , abbreviated as SLP) and discharging power price (i.e., ϑ D2G , abbreviated as D2GP) are adopted as benchmark strategies, which include:
1) TOU -TOU strategy refers to prices determined based on peak, mid-peak and valley load conditions [15] ; 2) MCP (Marginal cost pricing) -MCP strategy quantifies electricity tariffs of the aggregated load plus discharging power with the marginal cost pricing mentioned in Section IV.B. The above strategies are compared with the proposed HOPDS method. Considering the deployment of ESs can greatly affect the load demand due to their high capacity, the participation number of ESs into the power grid is also discussed in subsequent contents.
The proposed strategy is coded and implemented on MATLAB platform. The CVX tool [35] , [36] is employed to solve the load side power management for EVs and ESs. The number of the population for the simulations is set as 50. The computation is initialized with randomized population, and the optimization process converges to a satisfied point after about 60 iterations with a computational cost of approximately 40 minutes. This reveals good convergence of the proposed solving method. With more advanced hardware and sophisticated optimization methods, it is believed that the computation process can be greatly improved.
Additionally, the price information and economic values are all presented in normalized values (p. u.) in the following simulation results.
B. EFFECTIVENESS OF THE PRICING STRATEGY
Without considering the battery degradation, the case λ = γ = 0 is firstly tested. To investigate the effectiveness of the designed HOPDS method, 10 EVs and 5 ESs with the background load profile are sampled for price regulation. The generated price information and load profiles under different pricing methods are presented in Fig. 5 and Fig. 6 . It can be seen that the choice of pricing strategies can greatly influence the optimized load profiles. Under TOU price, a peak demand can be observed at 22:00 with simultaneous EV charging due to lower SLP (off-peak period). MCP also leads to a quite high peak load at 22:00, and simultaneously, it triggers an apparent valley load at 4:00 AM due to synchronous discharging activities induced by a high-power tariff. HOPDS regulates SLP and D2GP separately, and the values of these two price signals appear to track variations of the load conditions: SLP is increased with more EV charging or heavier load (e.g., 17:00 ∼ 1:00 AM) and reduced with lighter demand (e.g., 3:00 ∼ 6:00); while D2GP is adjusted to be higher with more load demand (e.g., 17:00 ∼ 1:00 AM) but regulated to be lower for less demand periods (e.g., 2:00 ∼ 7:00). The two price vectors finally attribute the charging and discharging power evenly to the basic load profile, especially for periods with heavy load conditions, e.g., 16 :00 ∼ 24:00.
The economic properties and load indexes of the three pricing mechanisms are illustrated in Table 4 for comprehensive comparison, showing the power energy purchasing cost, profit, and ROI (Return on investment, i.e., profit divided by cost) at the operator side; the resulted load standard deviation (Std.), peak-to-average (P-A) ratio and peak load details. Despite the least energy purchasing cost, HOPDS also results in the lowest P-A ratio and peak load, as well as the smoothest load with the least Std. The highest ROI of HOPDS signifies that the HOPDS pricing mechanism can bring the best profit for the power company in the long run. 
C. INVOLVEMENT WITH DIFFERENT ES QUANTITIES
The number of ESs can greatly affect the overall load profile due to their high energy storage capacity. The proposed HOPDS strategy is therefore tested with different number of ESs and the test results are presented in Fig. 7 . The studies VOLUME 7, 2019 are simulated with the conditions of 10 EVs and λ = γ = 0. It can be seen from the figure that the load profile changes to be more fluctuate with the increased participation of ESs for their corresponding charging/discharging activities.
The optimized economic and load indexes are presented in Table 5 . For comparison, the results of TOU and MCP strategies are also listed. With different ES numbers, it is observed that HOPDS can help achieve better load profile (in term of peak load and P-A ratio) and also better profit compared to the other two methods. Hence, the robustness of the proposed strategy in regulating the charging and discharging power for the power grid is verified.
On the other hand, under the regulation of all the price strategies, the profit tends to be lowered down with the increase of ES numbers. Besides, with the increased participation of ESs, it is shown that the power load profile changes to be more fluctuate. This indicates the quantity or capacity of ESs can greatly affect the power profile of the power system and it is thus meaningful to investigate the optimization of ES deployment for power networks.
D. SENSITIVITY CONSIDERATION FOR BATTERY DEGRADATION
The penalty coefficients λ and γ for battery degradation are tested to investigate the effect of battery ageing cost on the outcome of pricing strategies. For demonstration purpose, λ and γ are kept as same values in the simulation. The profit and peak load with different values of λ and γ are illustrated in Fig. 8 . The simulations are performed with 10 EVs and 5 ESs. As seen, if the demand for battery life reduction is changed to be more critical (i.e., with higher λ and γ ), the peak load under both strategies can be reduced. This is because that the charging/discharging activities of EV or ES batteries will decrease with the raised cost of charging/discharging cycles. Fig. 9 presents the overall discharging power released from ESs. It demonstrates that E2G activities will be reduced as λ and γ increase, yet HOPDS still induces the most discharging power amongst the three strategies under each penalty coefficient value.
Through Fig. 8 , under the regulation of both TOU and MCP, the profit of the operator side is increased with the growth of λ and γ . This is because that less money would be paid for procuring discharging services when λ and γ increase, which brings more income to the power company. Whereas for HOPDS, the profit can be slightly decreased under a higher demand of battery life cycling cost. The reason lies in that the potential of regulating charging/discharging power in beneficial to the profit would be reduced as less charging/discharging activities can be adjusted with the increase of λ and γ .
It also shows that under all the values of penalty coefficients λ and γ , the HOPDS strategy can result in the best profit and least peak load compared to the other two methods.
The consumptions of a single ES with different λ and γ under TOU are presented as examples to intuitively demonstrate the details concerning battery degradation, as shown in Fig. 10 . It is observed that the ES wisely chooses to charge/discharge at neighboring timeslots with a higher requirement considering the expense for battery cycling. The ES even gives up discharging when λ = γ ≥ 0.8. Since the charging behavior of an EV is similar to an ES, the pattern of EV charging is omitted here. This outcome illustrates that the cost of battery degradation can affect the charging behaviors of a single ES or EV.
V. CONCLUSION, DISCUSSION AND FUTURE WORKS
The discharging power energy from EV plus ES is recommended as a special commodity traded in the power market. A pricing mechanism HOPDS is utilized to regulate the following two price vectors for the power operator: the SLP for selling energy and the D2GP for purchasing discharging power. A two-level GA framework is adopted to solve the optimal solutions of the strategy. The test results demonstrate the proposed HOPDS method is beneficial in regulating discharging power service in the power grid, with the mitigation of peak load and more resulted profit. It also shows that the participation of ESs can greatly affect the outcome, and the consideration of battery degradation can affect much of the optimized result.
The proposed strategy is inspired by emerging studies and designed for regulating the discharging power from newly emerging power components including EVs and ESs. It provides a method for power operators to regulate their price signals and thereby perform demand response with ESs and EVs. However, due to the restriction of real power systems, there is always a gap between theoretical research and real practice for power networks. Our work is a piece of advanced research and it still needs time to apply the proposed strategy into real practice.
It should also be noted that this paper is conducted based on the consumption without the constraint of power flow. However, this assumption doesn't affect the accuracy of the proposed strategy. Actually, there are many existing studies in the research area of power market and demand response that not consider power flow constraints, e.g., [38] , [39] . The factor of topology or power flow (e.g., the limit of transformer, voltage levels, etc.) is interesting to be addressed and can be incorporated to optimize our strategy.
For future works, the following topics can be focused, including: the optimization of ES capacity in power markets for a more comprehensive strategy; the advanced modeling for EV and ES (e.g., stochastic charging feature); the consideration of more power system constraints such as power flow and reserve requirements; and issues involved with more sophisticated power markets and power trading mechanisms. The development of computation techniques for solving the optimization problem is also a future research direction that can be addressed. TIAN MAO (S'14) received the B.S. degree in electrical engineering and its automation and the M.S. degree in electrical engineering from Hunan University, in 2010 and 2013, respectively, and the Ph.D. degree from the City University of Hong Kong, in 2017.
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